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Abstract Phytoplankton size class (PSC), a measure of different phytoplankton functional and structural
groups, is a key parameter to the understanding of many marine ecological and biogeochemical processes.
In turbid waters where optical properties may be inﬂuenced by terrigenous discharge and nonphytoplankton water constituents, remote estimation of PSC is still a challenging task. Here based on measurements of
phytoplankton diagnostic pigments, total chlorophyll a, and spectral reﬂectance in turbid waters of Bohai
Sea and Yellow Sea during summer 2015, a customized model is developed and validated to estimate PSC
in the two semienclosed seas. Five diagnostic pigments determined through high-performance liquid chromatography (HPLC) measurements are ﬁrst used to produce weighting factors to model phytoplankton biomass (using total chlorophyll a as a surrogate) with relatively high accuracies. Then, a common method
used to calculate contributions of microphytoplankton, nanophytoplankton, and picophytoplankton to the
phytoplankton assemblage (i.e., Fm, Fn, and Fp) is customized using local HPLC and other data. Exponential
functions are tuned to model the size-speciﬁc chlorophyll a concentrations (Cm, Cn, and Cp for microphytoplankton, nanophytoplankton, and picophytoplankton, respectively) with remote-sensing reﬂectance (Rrs)
and total chlorophyll a as the model inputs. Such a PSC model shows two improvements over previous
models: (1) a practical strategy (i.e., model Cp and Cn ﬁrst, and then derive Cm as C-Cp-Cn) with an optimized
spectral band (680 nm) for Rrs as the model input; (2) local parameterization, including a local chlorophyll a
algorithm. The performance of the PSC model is validated using in situ data that were not used in the
model development. Application of the PSC model to GOCI (Geostationary Ocean Color Imager) data leads
to spatial and temporal distribution patterns of phytoplankton size classes (PSCs) that are consistent with
results reported from ﬁeld measurements by other researchers. While the applicability of the PSC model
together with its parameterization to other optically complex regions and to other seasons is unknown, the
ﬁndings of this study suggest that the approach to develop such a model may be extendable to other cases
as long as local data are used to select the optimal band and to determine the model coefﬁcients.

1. Introduction
In natural waters, phytoplankton contributes approximately half of the global primary production, therefore
playing a key role in carbon cycling (Falkowski et al., 2004; Gurney et al., 2002; House et al., 2002; Sabine
et al., 2002). Representing the bottom of the food chain, phytoplankton also plays a key role in marine ecosystem dynamics (Field et al., 1998; Longhurst et al., 1995; Parsons & Lalli, 2002; Platt & Sathyendranath,
1988). Accurate knowledge of phytoplankton functional and structural classes and their distributions is thus
critical to the understanding of many marine ecological and biogeochemical processes.
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The size of phytoplankton has been used as a good indicator of their functional roles in relation to key
~o
n et al.,
marine biogeochemical cycles (IOCCG, 2014; Le Quere et al., 2005; Sieburth et al., 1978; Maran
2009). Conventionally, three size classes have been used to describe PSCs: picophytoplankton (0.2–2 mm),
nanophytoplankton (2–20 mm), and microphytoplankton (20–200 mm) (Sieburth et al., 1978). At present, the
phytoplankton size measurement in sea water usually relies on in situ or laboratory observations methods,
including microscopic analysis (Montagnes et al., 1994), image analysis (Billones et al., 1999; Waite et al.,
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1997), coulter counter (Milligan & Kranck, 1991; Sheldon et al., 1972), ﬂow cytometry (Sun et al., 2000), and
high-performance liquid chromatography (HPLC) techniques (Brewin et al., 2010, 2015; Sathyendranath
et al., 2001; Uitz et al., 2006, 2008). These measurements show relatively high accuracies, but they are laborsome and time consuming and, more importantly, difﬁcult to obtain large-scale synoptic distributions and
temporal variations. Such a shortcoming may be overcome with satellite remote sensing once appropriate
models are developed and validated.
Indeed, several models have already been developed to characterize PSCs from remote sensing, which can
be generalized into two types: abundance based and spectra based (IOCCG, 2014). Abundance-based
approaches are based on the assumption that there are signiﬁcant relationships between total chlorophyll
a and size-fractioned contributions by the PSCs. For instance, Uitz et al. (2006) analyzed an extensive set of
algal pigment data determined by high-performance liquid chromatography (HPLC) collected from open
ocean waters, from which the distributions of three PSCs (picophytoplankton, nanophytoplankton, and
microphytoplankton) were inferred. Brewin et al. (2010) developed a simple model to estimate chlorophyll
a concentrations of three PSCs through the use of a continuous function of total chlorophyll a, where the
model parameters were established using a large database of HPLC pigment data collected from the Atlantic Ocean. Based on a power law relationship, Hirata et al. (2011) developed a series of empirical equations
to retrieve fractional concentrations of PSCs within a satellite pixel. Brewin et al. (2015) further developed a
three-component model to calculate fractional contributions of three PSCs to total chlorophyll a based on
the assumption that small cells dominate PSCs at low concentrations. Similar approaches have also been
used in several other studies (Brewin et al., 20111b, 2012; Devred et al., 2011), yet the model parameterization differed from each other due to differences in the used data sets.
On the other hand, spectra-based approaches do not rely on chlorophyll a, but focus on differences in the
optical signatures of speciﬁc phytoplankton groups. These approaches generally utilized spectral features of
remote-sensing reﬂectance, Rrs(k), particle backscattering coefﬁcient, bbp(k), and phytoplankton absorption
coefﬁcient, aph(k), to estimate PSCs. For instance, Li et al. (2013) analyzed spectral features of Rrs(k) (e.g.,
band ratios and spectral curvatures) to relate to PSCs. Hirata et al. (2008) developed a model to relate spectral slope of bbp(k) derived from remote-sensing data to PSCs in the eastern boundary current system off
South Africa. Kostadinov et al. (2009) developed a look-up table to ﬁrst estimate the slope of particle
size distribution (PSD) and a differential number concentration at a reference size, and then estimate the
number and volume concentrations of picosized, nanosized, and microsized particles. Fujiwara et al. (2011)
proposed a multiregression model to use aph(k) ratio and bbp(k) spectral slope size to estimate a phytoplankton size index. Likewise, Ciotti et al. (2002) found that 80% of aph(k) spectral variation could be
accounted for by phytoplankton size differences, and further established a two-component model that
deﬁned aph(k) as the sum of microphytoplankton and nanophytoplankton absorptions. Based on this
model, Ciotti and Bricaud (2006) inferred a parameter Sf, denoting the percentage of picophytoplankton to
total phytoplankton absorption, which was used to estimate the distributions of microphytoplankton and
picophytoplankton in waters off Brazil. Similarly, based on the relationship between absorption packaging
effects and phytoplankton cell size, Roy et al. (2013) established a physical model to estimate global distributions of picophytoplankton, nanophytoplankton, and microphytoplankton using MODIS data sets. Organelli et al. (2013) utilized a fourth-order differential aph(k) spectrum, based on in situ absorption spectra from
400 to 700 nm, to estimate size-fractioned chlorophyll a in the Mediterranean Sea. Yet currently limited
hyperspectral data from satellite measurements restrict its applications.
Clearly, there has been signiﬁcant amount of efforts to map PSCs using satellite ocean-color observations,
especially for global open ocean waters. However, similar studies of turbid coastal waters are limited. Due
to terrigenous discharge and interference from nonphytoplankton constituents, phytoplankton community
structures in those waters may show distinct differences from those in open ocean waters (Chen, 2009; Lai
et al., 2012; Wang, 2006; Zhou et al., 2008). On the other hand, the method of characterizing PSCs based on
HPLC measurements, commonly used in previous studies (Brewin et al., 2014a, 2015; Uitz et al., 2006, 2008),
may also be problematic due to potentially changing contributions of phytoplankton diagnostic pigments
(representing different phytoplankton functional groups) to total phytoplankton biomass.
In the present study, we present and analyze data of phytoplankton diagnostic pigments, total chlorophyll
a, and spectral reﬂectance collected from optically complex turbid waters in Bohai Sea and Yellow Sea, with
the objective of developing a regional model for retrieving PSCs using satellite ocean-color data. The model
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is based on a multivariate power law function with total chlorophyll a and Rrs(k)
as model inputs, where the former can also be derived from the latter using a
locally tuned empirical algorithm. The performance of this model is evaluated
using independent in situ data and satellite retrievals, and then applied to data
collected by the Geostationary Ocean Color Imager (GOCI) in 2015 to examine
spatial and temporal distributions patterns of PSCs. Finally, the model’s strengths
and limitations are discussed, together with explanation of potential mechanisms
of controlling PSC distributions in this study region.

2. Data and Methods

Figure 1. Bathymetry map of Bohai Sea, Yellow Sea, and Jiangsu
coastal waters, with the August 2015 cruise stations annotated.

2.1. Study Area and Data Collection
Bohai Sea (BS) is the largest semienclosed sea of China covering a total area of about
77,000 km2. Its average depth is 18 m with the maximum depth of about 70 m in
the north of the Bohai Strait. Yellow Sea (YS) is much larger than BS, with an area of
about 380,000 km2 and an average depth of about 44 m (maximum depth 140 m;
Sun et al., 2016). In the past several decades, BS and YS have become highly productive and polluted, with green macroalgae blooms reported in recent years (Hu et al.,
2010; Qi et al., 2016; Sun et al., 2016; Wei et al., 2004). The data set used in this study
was from the BS and YS cruise survey in August 2015 (Figure 1). Surface water samples at 120 stations were collected with Niskin bottles mounted on a CTD/rosette
system, and then used for HPLC pigment analysis. The obtained HPLC data were all
quality controlled using the data statistical rules of Aiken et al. (2009). Twenty-seven
valid groups of Rrs data were obtained from this cruise.

2.2. Pigment Concentrations
Pigment concentrations were determined using the quantitative ﬁlter technique (QFT). Water samples were ﬁltered onto 47 mm Whatman GF/F glass ﬁber ﬁlters and then immediately stored in liquid nitrogen on board the
ship for later laboratory analysis. Concentrations of 19 phytoplankton pigments were determined by reversedphase HPLC with a Zorbax Eclipse XDB-C8 column (150 mm 3 4.6 mm, 3.5 lm; Agilent Technologies) using the
method of Van Heukelem and Thomas (2001), calibrated by commercial pigment standards (Sigma Aldrich, St.
Louis and DHI, Hørsholm, Denmark). These pigments could be identiﬁed through the retention time and absorbance spectrum with a photodiode array detector. Among those obtained phytoplankton pigments, some indicative pigments were selected for diagnostic pigment analysis as they could quantitatively denote fractions of
microphytoplankton, nanophytoplankton, and picophytoplankton. In the current study, ﬁve diagnostic pigments,
i.e., fucoxanthin, peridinin, 190 -hexanoyloxyfucoxanthin, 190 -butanoyloxyfucoxanthin, and total chlorophyll b, were
used for diagnostic pigment analysis. Variations of the concentrations of ﬁve diagnostic pigments and total chlorophyll a are presented in Table 1. Their large variations indicate that the study region is highly dynamic.
2.3. In Situ Rrs(k)
Rrs(k) (sr21) was measured with the Hyper-Proﬁler II (Satlantic Inc., Halifax, NS, Canada). This instrument collects the spectral upwelling radiance (Lu(k, z), W m22 nm21 sr21) and downwelling irradiance (Ed(k, z),

Table 1
Descriptive Statistics of Total Chlorophyll a and Diagnostic Pigment Concentrations (in mg m23) in This Study
Parameters
Chlorophyll a
Fucoxanthin
Peridinin
190 -Hexanoyloxy fucoxanthin
190 -Butanoyloxy fucoxanthin
Chlorophyll b

Minimum

Maximum

Mean

SD

CV (%)

0.092
0.018
0.007
0.005
0.004
0.011

4.060
5.460
1.199
0.673
0.241
0.166

0.786
0.414
0.077
0.081
0.022
0.051

0.842
0.759
0.139
0.102
0.028
0.031

107.1
183.3
181.4
126.1
126.6
62.9

Note: Number of samples is 120.
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W m22 nm21) in a spectral range of 349.4–804.0 nm with an averaged bandwidth of 3.3 nm. In addition,
above-water surface downwelling irradiance (Ed(k, 01), W m22 nm21) was also measured with a separate
sensor. At each station, the Hyper-Proﬁler II instrument was deployed in waters away from the vessel to
avoid ship perturbation and ship shadow. The collected radiometric data were quality controlled by removing those with tilt angles >58 or downward velocity >0.5 m s21, and then processed by a series of steps,
including calibration, data ﬁltering, binning, and interpolation. These processes were all achieved through
the manufacturer-provided software Prosoft 7.7.16 (Rudorff et al., 2014). Rrs(k) was then calculated as
Rrs ðkÞ5

Lw ðkÞ
;
Ed ðk; 01 Þ

(1)

where Lw(k) is the water-leaving radiance (W m22 nm21 sr21) determined from the Lu(k, z) data of the upper
layer, as described by Hirawake et al. (2011) and Rudorff et al. (2014).
2.4. Satellite Data
GOCI Level-1B data (calibrated top-of-atmosphere radiance) were obtained from the Korea Ocean Satellite
Center (KOSC). GOCI data have a nominal resolution of 500 m, with eight images per day. A total of 2,898
GOCI satellite images during 2015 were obtained. These Level-1B images were cropped to BS and YS, and
then processed to Level-2 data products using the GOCI Data Processing System (GDPS, version 1.3) and its
default parameterization and atmospheric correction (Wang & Gordon, 1994). Data were quality controlled
using the various ﬂags (e.g., stray light and cloud coverage). In this study, two types of Level-2 data products, namely Rrs(k) and chlorophyll a concentration, were used.
2.5. Performance Matrix
Diagnostic pigment analysis, statistical description of pigment concentrations, and correlation and regression analyses were all performed using the MATLAB software (MathWorks Inc., Natick, MA). The statistics
examined included minimum, maximum, mean, standard deviation (SD), and coefﬁcient of variation (CV)
values. Some indicators were used to assess the performance of the developed models in this study, including determination coefﬁcient (R2), mean absolute percentage error (MAPE), root-mean-square error (RMSE),
normalized root-mean-square error (NRMS), and mean ratio (MR). These metrics were calculated as follows:

n 

1X
 xi 2yi ð100%Þ;
(2)
MAPE5

xi 
n i51
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n
1X
ðxi 2yi Þ2 ;
RMSE5
n i51

(3)



 xi 2yi 
 ;
NRMS5stdev 
xi 

(4)

mean ratio5

n  
1X
yi
;
n i51 xi

(5)

where n is the number of samples, xi is the measured value, and yi is the estimated value.

3. PSC Model Development
3.1. Diagnostic Pigment Analysis
The fractions of chlorophyll a in the three phytoplankton size classes, i.e., Fm, Fn, and Fp for microplankton,
nanoplankton, and picoplankton, respectively, could be estimated through diagnostic pigment analysis, in
which HPLC-derived total chlorophyll a concentration (C) was reconstructed from the weighted sum (Cw) of
the diagnostic pigments (Brewin et al., 2011b, 2015; Hirata et al., 2011; Uitz et al., 2006; Vidussi et al., 2001).
Different combinations of diagnostic pigments indicate different phytoplankton functional groups, therefore referring to different PSCs. In theory, using more diagnostic pigments is better for characterizing PSCs,
yet this is often restricted to speciﬁc HPLC measurements. While seven diagnostic pigments have been
used in some studies (Brewin et al., 2011b, 2015; Hirata et al., 2011; Uitz et al., 2006; Vidussi et al., 2001),
this study used ﬁve diagnostic pigments, i.e., fucoxanthin, peridinin, 190 -hexanoyloxyfucoxanthin, 190 -
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Figure 2. Scatterplots of the diagnostic pigment analysis. (a) Using calibration samples to establish relationship between
C and the weighted sum (Cw) of the diagnostic pigments and (b) assessing the established relationship by independent
validation samples.

butanoyloxyfucoxanthin, and total chlorophyll b. The exclusion of the other two pigments, namely alloxanthin in cryptophytes and zeaxanthin in cyanobacteria and prochlorophytes, is because that these pigments
were very limited in the study region, and indeed could not even be detected from HPLC measurements at
most stations because these phytoplankton groups were rarely found in the study region (Fu et al., 2009;
Gao et al., 2013; Liu et al., 2012). The above ﬁve pigments were used to calculate Cw as follows:
Cw 5

5
X

Wi Pi ;

(6)

i51

where Pi refers to the ith diagnostic pigment (in mg m23), and Wi is its corresponding weight, which can be
obtained from multiple-linear regression using C and Pi (see below for more details).
A total of 120 in situ water samples were collected from the August 2015 cruise survey of the Bohai Sea and
Yellow Sea. These samples were randomly divided into two independent data sets for calibration (n 5 80)
and validation (n 5 40) of the diagnostic pigment analysis. As shown in Figure 2, the diagnostic pigment
analysis showed robust performance, with determination coefﬁcient (R2) of 0.880 and 0.891 for the calibration and validation data sets, respectively. The derived MAPE were <30%, and corresponding MRs were
both close to 1.0 (0.968 and 0.985). The diagnostic pigment analysis produced a suit of weighting factors for
the ﬁve pigments used in our study region (Table 2), each with a high signiﬁcance level.
Based on the methods of Vidussi et al. (2001) and Uitz et al. (2006) that are reﬁned in Brewin et al. (2010)
and Devred et al. (2011), this study utilized the customized diagnostic pigment analysis with ﬁve pigments
to reﬁne their parameterization suitable for the study region. The microphytoplankton, nanophytoplankton,

Table 2
Phytoplankton Pigments (Pi), Primary Taxonomic Groups, Size Classes, and Corresponding Weighting Factors (Wi) Obtained
in This Study
Diagnostic
pigments (Pi)

Primary taxonomic
groups

Phytoplankton
size classes

Fucoxanthin
Peridinin
190 -Hexanoyloxyfucoxanthin
190 -Butanoyloxyfucoxanthin
Total chlorophyll b

Diatoms
Dinoﬂagellates
Prymnesiophytes
Pelagophytes
Chlorophytes and
prochlorophytes

Micro/nano
Micro
Nano/pico
Nano
Pico

Weighting
factor (Wi)
0.91
0.90
1.54
2.91
3.40

Significance
level
p < 0.001
p < 0.01
p < 0.001
p < 0.05
p < 0.001

Note: The Wi values were determined through a multiple-linear regression using C and Pi.
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and picophytoplankton proportions, i.e., Fm, Fn, and Fp, can all be derived using equations (7–9) (also refer
to Brewin et al., 2015):

Fp 5

9
>
if C  0:08 mg m23 >
=
w
;
>


>
23
;
if C > 0:08 mg m

8
ð212:5C11ÞW3 P3 W5 P5
>
>
1
<
C
C
w

>
>
: W5 P5
Cw



9
8

12:5CW3 P3 W4 P4 1W1 P1;n 
>
23 >
>
>
1
if
C

0:08
mg
m
>
>
>
>
>
>
Cw
Cw
>
>
=
<
4
X
;
Fn 5
>
>
Wi Pi 1W1 P1;n
>
>
>
>
>
>


>
>
>
>
;
: i53
if C > 0:08 mg m23
Cw
2
X

Fm 5

(7)

(8)

Wi Pi 2W1 P1;n

i51

Cw

;

(9)

where Pi (i 5 1–5) refers to the measured concentrations of diagnostic pigments, namely fucoxanthin,
peridinin, 190 -hexanoyloxyfucoxanthin, 190 -butanoyloxyfucoxanthin, and total chlorophyll b, respectively.
Although the in situ Chl a data used in our study showed a range of 0.1–4.0 mg m23 (i.e., no data < 0.08
mg m23), the equations include formations for Chl a <0.08 mg m23 mainly based on two considerations:
(1) to complete the equation with full range and (2) satellite-based retrievals may have Chl a < 0.08
mg m23 in open ocean waters. Note that two diagnostic pigments, namely zeaxanthin and total chlorophyll b, were attributed to picoplankton (Uitz et al., 2006; Vidussi et al., 2001). Yet for low chlorophyll concentrations (<0.08 mg m23), a further improvement has been achieved through partitioning part of the
190 -hexanoyloxyfucoxanthin pigment to the picoplankton pool (Brewin et al., 2010, 2015). Wi was
obtained from a multiple-linear regression in the diagnostic pigment analysis (see detailed values in Table
2); P1,n refers to the part of the fucoxanthin pigment (P1) from nanophytoplankton, as fucoxanthin has
been found partially present in nanophytoplankton (Jeffrey et al., 2011). Devred et al. (2011) has attributed part of the fucoxanthin pigment to the nanoplankton pool, and considered that diatoms might
sometimes be present in the nanosize class. The parameter P1,n was estimated using the following equation (Brewin et al., 2015):
P1;n 510½q1 log10 ðP3 Þ1q2 log10 ðP4 Þ :

(10)

According to the most recent study of Brewin et al. (2015), the values of q1 and q2 were 0.356 and 1.190,
respectively. P1,n was set to equal P1 in those samples where P1,n was estimated to be larger than P1. As
highlighted in Brewin et al. (2015), this adjustment about fucoxanthin was different from previous studies
where fucoxanthin was attributed solely to microphytoplankton (Brewin et al., 2011b, 2014b; Brotas et al.,
2013; Lin et al., 2014).
Then, the fractions of chlorophyll a in each size class could be estimated by multiplying the HPLC-measured
total chlorophyll a concentration (C) and the fractions of microphytoplankton, nanophytoplankton, and
picophytoplankton (Fm, Fn, and Fp) as below:
Cm 5Fm C;

(11)

Cn 5Fn C;

(12)

Cp 5Fp C;

(13)

C5Cm 1Cn 1Cp ;

(14)

where the subscripts for C, as before, denote microphytoplankton, nanophytoplankton, and picophytoplankton, respectively. The sum of the size-speciﬁc chlorophyll a concentrations is assumed to be equal to
the HPLC-measured total chlorophyll a concentration (equation (14)).
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3.2. Modeling Size-Specific Chlorophyll a Concentrations
In order to estimate the size-speciﬁc chlorophyll a concentrations, this study used exponential relationships
that linked the dependent variables to two independent variables, namely total chlorophyll a concentration
and Rrs (equations (15)–(17)), similar to those used in previous studies (Brewin et al., 2011a; Devred et al.,
2006; Sathyendranath et al., 2001; Varunan & Shanmugam, 2015).


Cp 5Cp 12exp 2C 2 3ðmaxðRrs

650750 ÞÞ



Sp



Cn 5Cn 12exp 2C 2 3ðmaxðRrs

650750 ÞÞ



Sn




12exp 2C 2 3ðmaxðRrs
Cm 5Cm

650750 ÞÞ



Sm

;

(15)

;

(16)

;

(17)


where Cp , Cn , and Cm
(dimensionless) are the concentration coefﬁcients of picophytoplankton, nanophytoplankton, and microphytoplankton, respectively; Sp, Sn, and Sm are their slope parameters (dimensionless).

Although the functional forms in equations (15)–(17) are similar to those used in previous studies (Brewin
et al., 2011a; Devred et al., 2006; Sathyendranath et al., 2001; Varunan & Shanmugam, 2015), the strategies
used to realize the model are different from the equations: (1) retrieving Cp and Cn and then derive Cm 5 CCp-Cn (Strategy 1); (2) retrieving Cp and Cm and then derive Cn 5 C-Cp-Cm (Strategy 2); (3) retrieving Cn and
Cm and then derive Cp 5 C-Cn-Cm (Strategy 3). Furthermore, the entire spectral range of 650–750 nm was
analyzed to determine the optimal wavelengths. Figure 3 shows the spectral variations of the correlation
coefﬁcients (R) between modeled and measured size-speciﬁc chlorophyll a concentrations for the three
strategies based on 19 groups of data of Rrs(k), C, and diagnostic pigments. From the comparison in Figure
3d, Strategy 1 performed better than the others, and Rrs near 680 nm was found optimal as the model input
(Figure 3d).

Figure 3. Spectral variation (650–750 nm) of correlation coefﬁcients between modeled and measured size-speciﬁc chlorophyll a concentrations. (a) Strategy 1, (b) Strategy 2, (c) Strategy 3, and (d) comparison between three strategies, where
the shown aggregated R is a sum of three classes for each strategy. The vertical dashed lines mark the 680 nm location.
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Figure 4. (a) Calibration and (b) validation of the region-speciﬁc chlorophyll a model used in the PSC model development
for the study region. The red line in Figure 4a is the nonlinear regression line, while the red line in Figure 4b is the linear
regression line between estimated and measured C (both in log space).

Another important model input is the total chlorophyll a concentration. Because this parameter is often
overestimated in turbid waters from operational algorithms because these algorithms have been optimized
for global waters (Dierssen, 2010; He et al., 2013), in this study it was derived using a regional model in
equation (18) with 27 groups of Rrs(k) and C data collected from the August 2015 cruise.
C50:727 expf26:493 log10 ½Rrs ð490Þ=Rrs ð555Þg:

(18)

Compared with the NASA default OC3 algorithm (see corresponding analysis and ﬁgure in section 5.1), this
region-speciﬁc model showed improved performance in terms of R2 and MAPE (Figure 4).

Figure 5. Scatterplots showing the comparisons between in situ measured and estimated Cm, Cn, and Cp. (a–c) Denote the model calibration for Cm, Cn, and Cp,
which were produced by using the calibration samples. The parameters for the PSC model, i.e., Cp , Cn , Sp, and Sn, were optimized and obtained by this calibration
process. (d–f) The independent validation results.
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Figure 6. Schematic ﬂow chart showing the developed model for deriving Fp, Fn, and Fm from Rrs(k). Different colors, as
shown in the legend, represent different processes, including inputs, diagnostic pigment analysis, models, and outputs.

In equations (15) and (16), the coefﬁcients of Cp , Cn , Sp, and Sn were determined through a nonlinear ﬁtting
with a global optimization using 13 calibration samples. They were determined to be 2.0, 1.8, 0.32, and 0.27,
respectively. Figures 5a–5c show the performance of the calibration where in situ measured and modelestimated Cm, Cn, and Cp, are compared. The ﬁtted R2 is 0.993, 0.763, and 0.700 (p < 0.001) for Cm, Cn, and
Cp, when the corresponding calibrated RMSE is 0.080, 0.090, and 0.060 mg m23, respectively. Other statistical measures also showed satisfactory results, indicating relatively high accuracies for model calibration. Validation using independent samples (n 5 6) in Figures 5d–5f also shows reasonable model performance with
relatively low predictive errors, especially for Cm and Cn (MAPE < 30%, see Figures 5d and 5e).
Thus, by combining the equations above and the model coefﬁcients, the ﬁnal PSC model for the study
region was developed as follows:


 0:32
Fp 52:0C 21 12exp 2C 2 3Rrs ð680Þ
;
(19)



Fn 51:8C 21 12exp 2C 2 3Rrs ð680Þ



Fm 512 Fp 1Fn ;

0:27

;

(20)
(21)

where C is obtained by equation (18). Note that the valid ranges of C and Rrs(680) for the above model are
about 0.1–3.0 mg m23 and 0.0002–0.0028 sr21, respectively. As a summary, Figure 6 shows a schematic
ﬂow chart of the PSC model in this study to derive Fp, Fn, and Fm from Rrs(k).

4. PSC Model Validation and Application
4.1. Comparison of Satellite-Derived and In Situ Measured PSCs
Equations (18–21) were applied to GOCI data to estimate Fm, Fn, and Fp, and then compared with ﬁeld
measurements. Seven concurrent (61 h) and collocated data pairs were used in this comparison. As shown
in Figure 7, MAPE values were 37.7%, 56.9%, and 58.4% for the satellite-derived Fm, Fn, and Fp, respectively.
Although these numbers appear high, they are comparable to the Chl a uncertainties estimated for global
open oceans (Gregg & Casey, 2004) and therefore reasonable. Figure 8 further shows the comparison
between their spatial distributions in August 2015 derived from both GOCI and ﬁeld measurements. Overall,
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Figure 7. Scatterplots showing the comparisons between in situ measured and satellite-derived (a) Fm, (b) Fn, and (c) Fp.

their general distribution patterns agree with each other. For Fm, large values are generally found in nearshore regions with lower values in offshore waters. For Fn, both GOCI and ﬁeld measurements showed low
values in BS and South Yellow Sea (SYS) and relatively higher values in the central region of YS, but the
GOCI-derived distribution of Fn showed an opposite trend from Fm. For Fp, both GOCI and ﬁeld measurements showed relatively low values in SYS and higher values in the central region of YS. Despite the general
agreement in the large-scale patterns between GOCI and ﬁeld measurements, there also existed some discrepancies in BS and part of North Yellow Sea (NYS), possibly due to differences in their measurement times,
satellite radiometric errors, spatial interpolation scheme, and also model uncertainties. Overall, these results
suggest that the PSC model developed in this study was able to derive synoptic PSC patterns in the study
region.

Figure 8. Comparison of spatial distributions of Fm, Fn, and Fp between satellite retrievals and ﬁeld measurements for the
month of August 2015.
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Figure 9. Annual PSC distribution patterns during 2015, derived from GOCI data using the PSC model developed in this
study.

4.2. Spatial and Temporal PSC Patterns Derived From GOCI Data
The hourly GOCI Rrs(k) data were used as inputs to the PSC model to produce the hourly PSC products, and
then composited to daily, monthly, seasonal, and annual averaged products. Figure 9 shows the general distribution patterns for 2015. In general, microphytoplankton dominated phytoplankton assemblages in BS
and NYS, and accounted for about half of the proportion (0.4–0.6 for most areas), while nanophytoplankton
contributed the most in SYS (>0.4) and picophytoplankton showed the lowest proportion for the entire
study region. In general, Fm showed low values in nearshore regions, which gradually increased to offshore
regions. Fn and Fp showed opposite patterns from Fm.
Figure 10 further shows the seasonal PSC variations in BS and YS. Fm in spring showed high values (>0.5)
for most of the study area, especially in BS and NYS. In summer, the central region of YS showed low values
but BS and SYS still showed relatively high values. In autumn and winter, BS and SYS transited to low values
with Fm below 0.2, while NYS and the central region of YS showed relatively high values. In contrast to Fm,
Fn showed low values in most of the study region during spring, except in several coastal regions. In summer, relatively high values were found in the central YS (Fn > 0.4), but in BS and SYS Fn was still low. In
autumn and winter, Fn in BS and SYS gradually increased, while it remained low in NYS and central YS. The
seasonal variations of Fp were very similar to those of Fn.

5. Discussion
5.1. Rationality and Limitation of the PSC Model
The diagnostic pigments, used in the diagnostic pigment analysis, serve as indicators of primary taxonomic
groups of PSCs. In principle, more diagnostic pigments would lead to better characterization of PSCs, as
complex phytoplankton assemblages may exist in natural waters. In previous studies (Brewin et al., 2011a,
2014b, 2015; Hirata et al., 2011; Uitz et al., 2006; Vidussi et al., 2001), seven diagnostic pigments were used
together with their corresponding weights, yet the weights for the same diagnostic pigments might differ
between regions and data sets (Brewin et al., 2014b, 2015; Uitz et al., 2006, 2008). Based on analysis of local
data, this study proposed to use ﬁve diagnostic pigments with regionally tuned weights to characterize
PSCs in the BS and YS. The two diagnostic pigments used in previous studies but not in this study are alloxanthin and zeaxanthin, as they both showed negligible concentration from the HPLC analysis. This is
because that their corresponding phytoplankton (cryptophytes and cyanobacteria) are rarely found in the
study areas (Fu et al., 2009; Gao et al., 2013; Kong, 2011). Thus, the HPLC-based method of quantifying PSCs
used in this study is not just a testing of the previous approach like that in Brewin et al. (2015) but also an
adjustment for catering to the study areas.
Most previous studies focused on open ocean waters for example the Atlantic Ocean (Brewin et al., 2010,
2014b), NW Atlantic (Devred et al., 2011), Indian Ocean (Brewin et al., 2012), NE Atlantic (Brotas et al., 2013),
and global waters (Brewin et al., 2015). In contrast, fewer studies were dedicated to optically complex
coastal waters. Therefore, the study here may serve as a template on how to adopt previously established
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Figure 10. Seasonal PSC maps for 2015, derived from GOCI data using the PSC model developed in this study.

concepts for regional studies, as both BS and YS are characterized by high inorganic matter content and
optically complex waters (Cui et al., 2010; Wang et al., 2007). It is found that even for such regions, previously established concepts may still work as long as local data were used to select the most appropriate
pigments, their weights, and local chlorophyll a algorithms. Note that similar to previous studies (Brewin
et al., 2015; Brotas et al., 2013; Devred et al., 2011), phytoplankton sizes were not measured directly but
determined indirectly using diagnostic pigments. Thus, Fm, Fn, and Fp determined from diagnostic pigment
analysis were used as the ‘‘truth’’ to validate the developed PSC model.
Another process leading to a reliable PSC model is the estimation of size-speciﬁc chlorophyll a. Previous
studies (Brewin et al., 2010; Sathyendranath et al., 2001) showed that size-speciﬁc chlorophyll a could be
estimated from exponential functions between marker pigments and total chlorophyll a. Yet such relationships were found to be inadequate to determine small-sized phytoplankton such as picophytoplankton/
nanophytoplankton (Varunan & Shanmugam, 2015). Such a shortcoming has been overcome through incorporating Rrs in the exponential functions (Varunan & Shanmugam, 2015), as Rrs in certain bands is sensitive
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to some diagnostic pigments (Alvain et al., 2005, 2008). Although the maximum
of Rrs(678) and Rrs(748) was proposed to be used in the exponential function (Varunan & Shanmugam, 2015), the same selection might be insufﬁcient for our study
region because Rrs in the entire red-NIR spectral range would vary with chlorophyll a (Dierssen et al., 2006; Gitelson, 1992; Gordon, 1979; Vasilkov & Kopelevich,
1982). Therefore, instead of just using the maximum of Rrs(678) and Rrs(748), this
study determined the optimal wavelength in the range of 650–750 nm. Interestingly, the optimal wavelength was determined to be 680 nm, coinciding with the
red band of GOCI and thus providing a basis for using GOCI data in the developed
PSC model.
In addition, the performance of the PSC model also depends on accurate retrieval
of total chlorophyll a from satellite measurements. For this purpose, because both
NASA and KOSC standard chlorophyll a data products showed high uncertainties
(Figure 11), a regional chlorophyll a model speciﬁcally tuned for GOCI Rrs data
was established (Figure 4). Without accurate chlorophyll a, used as one of the
inputs in the PSC model, accurate estimation of PSC is impossible.
Figure 11. Comparison between GOCI chlorophyll a (standard
products from NASA and KOSC) and in situ measured chlorophyll a. The match-up data pairs were collected within 65 h
during the summer 2015 cruise. The standard GOCI chlorophyll
a data products were derived from algorithms optimized for
global waters, thus containing much higher uncertainties than
those from a local algorithm (Figure 4).

However, the developed PSC model was based on regional data collected during
a summer month, therefore having possible limitations when applied to other
coastal regions or other seasons. This is because the selection of the diagnostic
pigments, the weights of these diagnostic pigments, the speciﬁc concentration
coefﬁcients and slope parameters of picophytoplankton, nanophytoplankton, and
microphytoplankton may change among different marine waters, especially for
those turbid coastal waters (Babin et al., 2003; Loisel et al., 2007; Snyder et al., 2008; Whitmire et al., 2007;
Zhang et al., 2010). For the same reason, results for Subei Bank where ﬁeld data were very limited should be
interpreted with more caution. Such limitations due to local parameterization, on the other hand, should
not impact the applicability of the general approach developed in this study when applied to other regions.
Once local data are available, the same approach may be adopted to determine the dominant pigments,
their weights, to tune the exponential relationships in the size-speciﬁc chlorophyll a models, and to develop
a local chlorophyll a retrieval algorithm. Likewise, more data should be collected from other seasons to evaluate the model’s applicability.
5.2. Mechanisms of PSC Spatial and Temporal Variations
PSC distributions essentially denote the relative proportions of microphytoplankton, nanophytoplankton,
and picophytoplankton in the total phytoplankton assemblage, rather than their absolute contents in
marine waters. In this study, consistent spatial distribution patterns of PSC were obtained between satellite
retrievals and in situ observations. From several published works (Guo et al., 2013; Nie et al., 2014; Zhang
et al., 2014), the dominant algae in the north YS in different seasons are diatoms and dinoﬂagellates, which
are typically microphytoplankton. This is clearly shown in Figure 9 by the high Fm mean annual distribution
in the NYS. Huang et al. (2006) reported that nanophytoplankton were the dominant phytoplankton in the
SYS in spring and autumn, with their contributions to total biomass of being 66% and 54%, respectively.
This is also consistent with the satellite-based PSC maps (Figure 9).
PSC distributions are essentially dependent on the growth capacities of size-fractioned phytoplankton
under different light and nutrient conditions. Different surface-to-volume ratios of phytoplankton make
their light and nutrient acquisition processes size dependent (Finkel et al., 2004; Raven, 1998). Under
limited-light conditions, small phytoplankton cells are more competitive in light acquisition due to their
higher surface-to-volume ratios and lower diffusion boundary, and also because large phytoplankton cells
~o et al., 2005; Finkel et al., 2004; Raven, 1998). Such mechaare more subject to the ‘‘package effect’’ (Cermen
nisms may explain the relatively high concentrations of nano- and picophytoplankton in the Yellow River
estuary, Yangtze River estuary, and Jiangsu coastal waters (Figures 9 and 10), as these local regions are all
light limited due to their high turbidity. For the same reason, the relatively high concentrations of microphytoplankton in the NYS may be due to ambient light and nutrients in this region, as under such conditions
~o et al., 2006; Maran
~o
n,
microphytoplankton are more competitive than smaller phytoplankton (Cermen
~o
n et al., 2007; Tamigneaux et al., 1999).
2008; Maran
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Light, nutrients, and temperature can all affect PSC distributions, and these factors are closely related to
hydrodynamic conditions (Fu et al., 2009). For example, the motions of the water mass can change residence time of phytoplankton cells of different sizes, thus inﬂuencing PSC distributions (Arrigo et al., 1999;
Rodrıguez et al., 2001). In addition, zooplankton grazing may also inﬂuence PSC variations, especially for
small-sized phytoplankton (Arin et al., 2005; Varela et al., 2002). Overall, accurate understanding of the
mechanisms driving the observed PSC spatiotemporal variations is still challenging due to the collective
effects from multiple factors.
5.3. Implications for Marine Environmental Changes
Spatiotemporal variations of phytoplankton size classes are good indicators for marine environmental
changes (Moral, 1983). For instance, the temperature range suitable for Phaeocystis sp., a harmful red-tide
algae that belongs to Chrysophyta and nanophytoplankton group (Brotas et al., 2013), is relatively narrow
(Shen et al., 2000). Similarly, its growth is also sensitive to changes in nutrients, especially phosphorus
(Wang et al., 2007). The drastic increases of nutrients in the YS have been attributed to pollutant discharges,
cultivation, and runoffs (Lin et al., 2005; Wang et al., 2003), causing changes in phytoplankton community
structure (Huang et al., 2012; Zhou et al., 2008). In addition, such changes have also been attributed to variations in temperature and salinity (Lin et al., 2005). Therefore, long-term monitoring of PSC distributions and
their changes through satellite remote sensing may provide useful proxies to assess marine environmental
changes.

6. Conclusions
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SUN ET AL.

This study develops a model to remotely estimate PSC distributions in turbid waters in the BS and YS. There
are three critical steps in constructing the model: (1) to select diagnostic pigments and determine their
weighting factors, (2) to determine size-speciﬁc chlorophyll a using exponential functions, and (3) to use
accurate spectral reﬂectance and chlorophyll a as the PSC model inputs. These steps lead to reliable performance of the PSC model with reasonable uncertainties (37.7%, 56.9%, and 58.4% for MAPE of satellitederived Fm, Fn, and Fp, respectively), and spatial distribution patterns consistent with those from in situ
observations. The PSC model has been applied to GOCI data in 2015 to derive PSC distribution patterns at
monthly, seasonal, and annual scales, which are shown to be consistent with those from earlier ﬁeld-based
studies. Although the model has only been validated using in situ data collected in summer 2015, the
approach demonstrated here may serve as a template for other optically complex regions and other seasons, where local parameterization may be obtained from ﬁeld measurements.
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